opinion formation cannot be modeled solely as an ideological deduction from a set of principles; rather, repeated social interactions and logic constraints among statements are consequential in the construct of belief systems. We address three basic questions in the analysis of social opinion dynamics: (i) Will a belief system converge? (ii) How long does it take to converge? (iii) Where does it converge? We provide graph-theoretic answers to these questions for a model of opinion dynamics of a belief system with logic constraints. our results make plain the implicit dependence of the convergence properties of a belief system on the underlying social network and on the set of logic constraints that relate beliefs on different statements. Moreover, we provide an explicit analysis of a variety of commonly used largescale network models.
Results
Belief system with logic constraints. Friedkin et al. 12, 13 describe a belief system with logic constraints as a group of n agents that periodically exchange and update their opinions about a set of m different truth statements with logical dependencies among them. After each social interaction, the agents use shared opinions, as well as underlying logical dependencies among them, to update their beliefs.
The agents exchange their opinions by interacting over a social network captured by a graph  = V E ( , ), where V is the set of agents, and E is a set of edges. A directed edge towards an agent indicates that it receives the opinion of another agent, i.e., the directed flow of information. Analogously, the logical dependencies among the truth statements are modeled by a graph = W D ( , )  , where an edge between two statements exists if the belief in one statement affects belief in the other.
The generalized dynamics of a belief system are defined as follows. First, every agent aggregates its opinions on every truth statement according to the imposed logic constraints (i.e., modifying the opinions to consider the dependencies on the other truth statements). Second, the agents share their opinions over a social network, where the opinions are aggregated again to take into account those coming from the neighboring agents (i.e., social interactions). Finally, a new opinion is formed as a combination of the most recent aggregation and the initial opinion, modeling the adversity to deviate from the initial beliefs or stubbornness.
The aggregation steps consist of weighted (convex) combinations of the available values, where the weights represent the relative influence. This model is described in Eq. (1) for an arbitrary agent I ∈ V and an arbitrary statement u ∈ W: of agent i on statement u is formed by using the opinions of the same agent about the other statements v. The parameters 0 ≤ C uv ≤ 1 are compliant with the graph  that models the logic constraints in the sense that C uv is nonzero if the statement u depends on statement v, and otherwise C uv = 0. These parameters represent the strength of the logic constraints, i.e., the influence that an opinion on a statement has on the opinion on other statements. Subsequently, the intermediate aggregated opinion of neighboring agents j. In this update, the parameters 0 ≤ A ij ≤ 1 represent the weights that an agent i assigns to the information coming from its neighbor j, for example A 13 is how agent 1 weights the opinions shared by agent 3. These parameters are compliant with the network  in the sense that if there is an incoming edge to agent i from agent j in the graph, then the corresponding weight A ij is nonzero.
Equation ( on statement u. The parameter 0 ≤ λ i ≤ 1 that agent i uses models its stubbornness. If λ i < 1 we say an agent is stubborn, where λ i = 0 indicates that the agent i is maximally closed to the influence of others. If λ i = 1, agent i is said to be maximally open to the influence of others, and oblivious if additionally, it is not influenced by stubborn agents. Note that when there are stubborn agents, these can be viewed as leaders in the network, given that their opinions directly influence the final belief values in the network. The concept of leader-follower networks has been previously studied in the consensus and opinion formation literature 18 .
We can group the parameters {A ij } into an n-by-n matrix A, known as the social influence structure, and the parameters {C uv } into an m-by-m matrix C, known as the multi-issues dependent structure 13 . We assume these matrices are nonnegative. Furthermore, the weights A ij assigned by an agent i to its neighbors j sum up to one, i.e., the sum of the entries in each row of the matrix A is 1; likewise, the sum of the entries in each row of the matrix C is 1. Thus, the matrices A and C are row-stochastic. Figure 1 illustrates a belief system with 4 agents and 3 truth statements, moreover, it gives examples for the choice of the matrices A and C. Figure 1 (c) shows the belief system generated by the network of agents in Fig. 1 (a) and the set of logic constraints in Fig. 1(b) . This new graph depicted in Fig. 1(c) is much larger than the network of agents or the network of statements taken separately; effectively; it has 2 nm nodes. The belief of each agent on each truth statement is a separate node; also, the initial beliefs are separate nodes.
The model of this larger graph of the belief system can be compactly restated as
where x k ∈ [0, 1] 2nm is a state that stacks the current beliefs of all agents on all topics alongside with the initial beliefs, i.e., (a) Agents are represented as nodes/circles, numbered from 1 to 4, and the network of influences among them is shown as edges between nodes. The truth statements or topics are color-coded, e.g., the truth statement 1 is represented as a red square. Agent 2 is influenced by its own opinion and agents 4 and 1, agent 1 follows the opinion of agent 3 which in turn follows the opinion of agent 4, agent 4 follows its own opinion only. A possible matrix A for this social network is shown below the graph. This indicates that agent 2 assigns a higher weight of 1 2 to the opinion of agent 1 than the weight it assigns to the opinion of communicated by agent 4. (b) The truth statement 1 is influenced by the belief that statement 2 is true, statement 2 directly follows the belief in statement 3. A possible matrix C for this set of logic constraints is shown below the graph. The belief that the truth statement 1 is true is influenced (with a weight of 1 2 ) by the opinion that the truth statement 2 is true. (c) The beliefs system, see Eq. 4, composed by the agent's interaction graph and the logic constraints.
www.nature.com/scientificreports www.nature.com/scientificreports/ where 0 nm is a zero matrix of size n × m, I nm is an identity matrix of size n × m, ⊗ indicates the Kronecker product (see Supplementary Definition 1), Λ is a diagonal matrix with the i-th diagonal entry being λ i , and x′ denotes the transpose of a vector or matrix x. This allows for the definition of the belief system graph , which is compliant with the matrix P, where an edge from  to r exists if >  P 0 r . Figure 2 shows an example where a network of 5 agents forms a cycle graph, given in Fig. 2(a) , a set of 4 logic constraints forms a directed path, given in Fig. 2(b) , and λ i = 1 for all i. The belief system graph is shown in Fig. 2 (c). Figure 2 (d) shows the dynamics of the belief vector as the number of social interactions increases. The opinion on all 4 topics converges to a single value for all agents. Figure 2 (e) shows the dynamics of the belief vector when no logic constraints are considered. In this case, the agents reach some agreement on the final value, but this consensual value is different for each of the statements. See Supplementary Fig. 1 for an additional example of the influence of the logic constraints on the resulting belief system and Supplementary Fig. 2 for a variation of the example discussed in Fig. 2 when the network of agents is a complete graph.
Note that once the model in Eq. (2) is determined, one can analyze the the belief system with classical approaches of opinion dynamics involving graph-theoretic properties and algebraic conditions 10, [21] [22] [23] [24] . Such existing approaches can provide quantitative and qualitative analysis of the belief dynamics in terms of the algebraic and combinatorial properties of the matrix P. However, we aim to provide graph-theoretic conditions in terms of the relations generated by the Kronecker product of the social network and network of logic constraints and the individual compositions of open and closed components of each of these graphs.
When does a belief system converge?
The convergence of the belief system can be stated as a question of the existence of a limit of the beliefs, as the social interactions continue with time. That is, whether there exists a vector of opinions x ∞ such that for any initial value x 0 . Friedkin et al. 12, 13 showed that a belief system with logic constraints will converge to equilibrium if and only if either lim k→∞ (ΛA) k = 0, or lim k→∞ (ΛA) k ≠ 0 and lim k→∞ C k exists. Moreover, if we represent the matrices A and Λ with a block structure as
where A 22 is the subgraph of oblivious agents, then the belief system is convergent if and only if lim k→∞ C k and lim k→∞ (A 22 ) k exists. We next consider how these conditions may be interpreted in terms of the topology of the network of agents and the set of logic constraints.
The belief system in Eq. (2) converges to equilibrium if and only if every closed strongly connected component of the graph  is aperiodic 4, 25 . Recall that a strongly connected component is closed if it has no incoming links from other agents; otherwise, it is called open, see Fig. 3 . In general, the set of strongly connected components can be computed efficiently for large-complex networks 26 .
The matrix P has two diagonal blocks, one corresponding to the initial beliefs and one involving the product ΛA ⊗ C. The initial belief nodes are aperiodic closed strongly connected components, each consisting of a single node. Therefore, the diagonal block in P corresponding to the initial beliefs induces an aperiodic graph. Moreover, strongly connected components with stubborn agents do not affect the convergence of the belief system. Thus, one can focus on the closed strongly connected components of the graph induced by A 22 ⊗ C.
Lemma 1 characterizes the strongly connected components of the product of two graphs. Particularly, it shows that A 22 ⊗ C can be written in a block upper triangular form, where each of the blocks in the diagonal is the product of one strongly connected component from the graph induced by A 22 and one from  . 27 , and the existence of a topological ordering 28 . See the complete proof in the Supplementary Material: Supplementary Note 2.
Proof 1 This proof follows from classical properties of the Kronecker product of graphs
With Lemma 1 at hand, the following result provides a graph-theoretic condition for the convergence of a belief system, complementing the algebraic criteria derived by Friedkin et al. 12, 13 .
Theorem 2 The process in Eq. (2) converges to equilibrium if an only if every closed strongly connected component of the graph  is aperiodic and every closed strongly connected component of the graph  composed by oblivious agents only is aperiodic.
Proof 2 McAndrew 29 showed that the period of a product graph is the lowest common multiple of the periods of the two factor graphs (see Supplementary Definition 2 and Theorem 1). If the factor graphs are not coprime, the resulting www.nature.com/scientificreports www.nature.com/scientificreports/ product graph is a disconnected set of components. Nevertheless, each of the resulting components will have the same period as defined above. Therefore, for a product graph to be aperiodic, we require the factors to be aperiodic as well. Thus, the desired result follows from Lemma 1.
In Fig. 1 , the network of agents has a single closed strongly connected component which consists of the node 4. The network of truth statements also has a single closed strongly connected component, consisting of the node 3. Thus, the belief system will converge to a set of final beliefs. In Fig. 2 , the belief system has one closed strongly connected component shown in green with the topology of a cycle graph. This strongly connected component corresponds to the product of the cycle graph and the green node of the logic constraints. The cycle graph is aperiodic if and only if the number of nodes is odd. Thus, if the cycle network of agents has an even number of nodes, the belief system will not converge.
How long does a belief system take to converge? We seek to characterize the time required by the process in Eq. (2) to be arbitrarily close to its limiting value in terms of properties of the graphs  and  , such as the number of agents and truth statements, and the topology of the graphs.
We provide an estimate on the number of iterations required for the beliefs to be ε apart from their final value (assuming they converge). This estimate is expressed in terms of the total variation distance, denoted by ∥⋅∥ TV (for its definition see the section on Methods). For this we define the convergence time as follows:
and x k follows Eq. (2). Informally, t mix (ε) is the minimum number of social interactions required for the belief system to be arbitrarily close to its final value for the worst case initial disagreement.
The dynamics of the belief system in Eq. (2) are closely related to the dynamics of a Markov chain with a transition matrix P 30 , specifically, the ergodic properties of a random walk over on the graph . Which are closely related to the spectral properties of the graph Laplacian 20, 24 . Particularly, consider a random walk on the state space {1, …, 2 nm} which, at time k jumps to a random neighbor of its current state. The relation between a random walk on a graph and the convergence properties of systems of the form of the belief system in Eq. (2) has been previously explored in Olshevsky and Tsitsiklis 30 . In both cases, we are interested in the convergence properties of P k as k goes to infinity. If there is a limiting distribution for a Markov chain with transition probability P, then the belief system converges. Moreover, bounds on the convergence time based on the mixing properties of this Markov chain provide rates of convergence for the belief system.
Next, we will show that the convergence time of a belief system is proportional to the maximum time required for a random walk, with transition probability matrix P, to get absorbed into a closed strongly connected component in addition to the time needed for such component to mix sufficiently. Lemma 3 Let  be a graph with at least one closed strongly connected component, and assume all its closed strongly connected components are aperiodic. Also, let L be the maximum expected coupling time of a random walk in a closed strongly connected component of . Moreover, let H be maximum expected time for a random walk, starting at an arbitrary node, to get absorbed into a closed strongly connected component. Then, for k ≥ 4(L + H)log(1/ε), it holds for the belief system described in Eq.
Proof 3 See the proof in the Supplementary Material: Supplementary Note 2.
Lemma 3 states that the convergence time of (2) can be bounded by the absorbing time of a random walk on the graph  into a closed strongly connected component, in addition to the mixing time of that particular component. Moreover, the mixing time of a closed strongly connected component can be bounded by its coupling time, i.e., the time needed for two independent random walks, with arbitrary initial points, to intersect 31 . Figure 4 illustrates the result in Lemma 3 by considering two random walks X and Y with the same transition matrix. Assuming the graph  is aperiodic, we denote by L the maximum expected mixing time among all closed strongly connected components, and by H the maximum expected time to get absorbed into a closed component. Then the belief system will be ε close to its limiting distribution after O((L + H)log(1/ε)) steps. Therefore, not only do we have an estimate of the convergence time of the belief system in terms of the topology of the graph , but we also know this convergence happens exponentially fast due to the linearity of the involved dynamics. For example, in Fig. 2 , the expected absorbing time is of the order of the number of nodes in the path, that is m, while the expected mixing time of a cycle graph is of the order of the number of the nodes squared [31] [32] [33] , which is n 2 in this example. Thus, the convergence time for the belief system is O(max(n 2 , m)log(1/ε)). Figure 5 Fig. 5(c) shows that the convergence to the final beliefs is exponentially fast.
Lemma 1 shows that each strongly connected component of the graph  is the product of two such components, one from the graph  and the other from the graph  . Consequently, the next lemma shows that the expected mixing (or absorbing) time for a random walk on a product graph is the maximum of the expected mixing (or absorbing) time of the individual factor graphs. ε) ) time steps, the random walk X 0 is arbitrarily close to its limit value. Note that the random walk moves in the opposite direction to the edges in the graph. Lemmas 3 and 4 provide an explicit characterization of the convergence time in terms of the components of the network of agents and the network of logic constraints. Thus allows us to state our graph-theoretic result on the convergence rate of a belief system with logic constraints.
Theorem 5 Assume the process in Eq. (2) converges to equilibrium. Moreover, let L  and  H be the maximum expected coupling time and maximum absorbing time of the closed aperiodic and strongly connected components of the graph  , and let  L and  H be the maximum expected coupling time and absorbing time of a closed aperiodic and strongly connected components of the graph  composed by oblivious agents only. Then, for
Proof 5 The proof follows from Lemmas 1, 3, 4 Table 1 presents the estimates for the convergence time for belief systems composed of well-known classic graphs, see Supplementary Fig. 3 for plots of some of these common graphs. We use the existing results about the mixing time for these graphs (see Supplementary Table 1 for a detailed list of references on each of the studied graphs) to provide an estimate of the convergence time of the resulting belief system when all agents are oblivious. When available, we present tighter upper bounds for the mixing times on strongly connected components derived with methods other than coupling. Particularly, our method allows the direct characterization of the dynamics of a belief system when large-scale complex networks are involved. For example, we provide convergence time bounds for the case where networks follow random graph models, namely: the geometric random graphs, the Erdös-Rényi random graphs, and the Newman-Watts small-world networks. These graphs are usually considered for their ability to represent the behavior of complex networks encountered in a variety of fields [34] [35] [36] [37] (see Supplementary Fig. 4 ). Figure 6 shows experimental results for the convergence time of a belief system for a subset of the graphs given in Table 1 . For every pair of graphs, we show how the convergence time increases as the number of agents or the number of truth statements change. One can particularly observe the maximum-like behavior on the convergence time as predicted by the theoretical bounds in Theorem 5. See Supplementary Figs 5 and 7 for additional numerical results on other combinations of graphs from Table 1 , and Supplementary Figs 6 and 8 for their linear convergence rates, respectively.
Finally, the next theorem describes how the existence of a clique of a well-connected subset of nodes can guarantee fast mixing of a random walk on a graph.
Theorem 6 Consider a random walk on a connected undirected and static graph
with |V| = n nodes, and assume there is a subset ⊂ V V with M nodes such that after K steps, the probability of being in any node in V is at least M 1 5 . Then the mixing time of the corresponding Markov chain is of the order O(MK log (1/ε)).
Proof 6
The proof follows immediately since any two random walks will intersect with probability M 1 every K steps.
Where does a belief system converge? So far we have discussed the conditions for convergence of a belief system and the corresponding convergence time. Convergence implies the existence of a vector x ∞ where the set of beliefs settles as the number of interactions increases. Particularly, Proskurnikov and Tempo 25 characterize the limiting distribution as a solution of
) , 0 which can be intractable to compute when the matrices A and C are large. We are interested in a characterization of this limit vector that admits a rapid computation of its value.
Lemma 1 shows that one can always group the nodes in the graph  into open and closed strongly connected components. Moreover, their convergence value depends on whether a node is part of a closed or open strongly connected component of the graph. Thus, our result on the convergence value of a belief system will be stated for nodes in closed or open strongly connected components. However, we start by introducing some notation. Define x k S as the vector obtained from x k by taking only the components of x k corresponding to the nodes in the set S. Moreover, let P S be the minor of the matrix P obtained by taking into account only the nodes in the set S. Then, P S corresponds to the transition matrix of an irreducible and aperiodic Markov chain with a stationary distribution π S , where π S ′P S = π S ′. The vector π S is effectively the left-eigenvector of the matrix P S corresponding to the eigenvalue 1 31 Theorem 7 Assume the process in Eq. (2) converges to equilibrium. Let S be a strongly connected component of the system graph , with factors A S and C S , i.e., P S = A S ⊗ C S . If S is closed, then, where p ij is the probability of absorption of a random walk starting at node i into a node j ∈ S M with limiting value ∞ x j . www.nature.com/scientificreports www.nature.com/scientificreports/ Thus, in order to find the limit value of the set of beliefs in S we can focus on the analysis of the powers of the matrix Q S .
Proof 7 It follows form Lemma 1 that every strongly connected component of  is the product of two strongly connected components, one from the network of agents and one from the logic constraint network. Thus, P S = A S ⊗ C S for some matrices A S and C S (sub-matrices of A and C respectively), which implies that
We have that Numerical analysis of social networks. Next, we provide a numerical analysis for the evolution of belief systems with social network structures from large-scale networks in the Stanford Network Analysis Project (SNAP) 39 , see Fig. 7 , and logic constraints built from random graph generating models. Random graph generating models, such at the Erdös-Rényi graphs, the Newman-Watts graph, and the geometric random graphs, have been proposed to model the dynamics and the properties of real large-scale complex networks, for example, relatively fast mixing or linear convergence of the beliefs. We use the wiki-Vote 40 , ca-GrQc 41 , and ego-Facebook 42 graphs as social networks and a binary tree, a Newman-Watts graph, and an Erdös-Rényi graphs as logic constraints.
The wiki-Vote network represents the aggregation of 2794 elections where 7115 Wikipedia contributors assign votes to each other to select administrators. This generates a directed social network where the edges are the votes given by the users. The ca-GrQc network represents the general relativity and quantum cosmology collaboration network for e-prints from arXiv. The nodes are composed of 5242 authors, and edges represent co-authorship of a manuscript between two authors. Finally, the ego-Facebook network represents an anonymized set of Facebook users as nodes and edges indicate friendships among them in the Facebook platform. Table 2 shows the description of the networks used. In the three cases, we select the largest strongly connected component of the graph and use it as a representative of the network structure and the mixing properties of the graph. Furthermore, we assume that the agents use equal weights for all their (in)neighbors. Figure 8 shows the convergence time of a belief system when the network of agents is each the three large-scale complex networks described in Table 2 . Figure 8 considers a simplified scenario where a single closed strongly connected component composes the social network of agents and the network of logic constraints. Therefore, absorbing time is effectively zero and the mixing time of the belief system is the maximum between the mixing time of the social network and the mixing time of the network of logic constraints. Convergence is guaranteed since both networks are taken to be aperiodic by introducing positive self-weights to every agent. Results show that the predicted maximum type behavior holds; that is, the convergence time of the belief system is upper bounded by the maximum mixing time of a random walk on the graph of agents and the graph of logic constraints. The convergence time remains constant and of the order of the convergence time of the network of agents, until the mixing time of the network formed by the logic constraints is larger. Then, the total convergence time increases based on the specific topology of the graph of logic constraints. Figure 9 shows the exponential convergence rate of the belief system described in Fig. 8 . Figure 10 shows the cumulative influence of the nodes in each of the graphs, i.e., the weight an ordered subset of the nodes has on the final value of the beliefs. In this case, since we are considering a single strongly connected component, the weights are determined by the left-eigenvalue of the weight matrix corresponding to the eigenvector 1.
Discussion
In a recent paper, Friedkin et al. 12 proposed a new model that integrates logic constraints into the evolution opinions of a group of agents in a belief system. Logic constraints among truth statements have a significant impact on the evolution of opinion dynamics. Such restrictions can be modeled as graphs that represent the favorable or unfavorable influence the beliefs on specific topics have on others. Starting from this context, we have here approached this model from its extended representation of a belief system, where opinions of all agents on all topics as well as their corresponding initial values are nodes in a larger graph. This larger graph is composed of the Kronecker product of the graphs corresponding to the network of agents and the network of logical constraints respectively.
In this study, we have provided graph-theoretic arguments for the characterization of the convergence properties of such opinion dynamic models based on extensive existing knowledge of convergence and mixing time of random walks on graphs using the theory of Markov chains. We have shown that convergence occurs if every strongly connected component of the network of logic constraints is aperiodic and every strongly connected component of oblivious agents is aperiodic as well. Moreover, to be arbitrarily close to their limiting value we require O((L + H)log(1/ε)) time steps. The parameter L is the maximum coupling time for a random walk among the closed strongly connected components of the product graph, and H is the maximum time required for a random walk, that starts in an open component, to get absorbed by a closed component. Our analysis applies to broad classes of networks of agents and logic constraints for which we have provided bounds regarding the number of nodes in the graphs. Finally, we show that the limiting opinion value is a convex combination of the nodes in the closed strongly connected components and this convergence happens exponentially fast.
Our framework offers analytical tools that deepen our abilities for modeling, control and synthesis of complex network systems, mainly human-made, and can inspire further research in domains where opinion formation and networks interact naturally, such as neuroscience and social sciences. Finally, extending this analysis to other opinion formation models that use different aggregating strategies may require further study of Markov processes and random walks.
Methods
Directed graphs. We define a directed graph  as a set of nodes V and a set of edges E where the elements of
Moreover, define n(P) as the number of edges in the path P. A pair of nodes (i, j) are strongly connected if there is a path from i to j and from j to i. We say a directed graph  is strongly connected if each pair of nodes of  are strongly connected. A cycle C of a graph  is a path P such that p 0 = p l , i.e., the start and end nodes of the path are the same. We denote the period of a directed graph as  d( ), and define it as the greatest common divisor of the length of all cycles in the graph . The adjacency matrix W of a graph  is defined as the square matrix whose elements represent whether pairs of vertices are adjacent or not in . www.nature.com/scientificreports www.nature.com/scientificreports/ π, which describes the probability that a random walk visits a particular node in the graph as the time goes to infinity, that is {X k = j} → π j as k → ∞. The stationary distribution is invariant for the transition matrix, that is π′P = π′. It follows that the convergence to the stationary distribution of a random walk reduces to analyzing powers of P (Theorem 4.9 in Levin et al. 31 ).
The distance to stationarity at a time k, i.e., after k transitions of the Markov chain, or k steps in the random walk, is defined as
where ∥μ − ν∥ TV is the total variation distance between two probability distributions μ and ν, defined as and we say the Markov chain has (relatively) rapid mixing if ε = ε t n ( ) poly(log , log ( )) mix 1 , i.e., polynomial relations in the terms logn and log(1/ε). Finally, the mixing time can be bounded in terms of the left eigenvalues of the matrix P as where λ 2 is the left-eigenvalue of the transition matrix P with the largest abstolute value 43 .
the coupling method. The technical advances in this paper are mostly made by using the coupling method, which is a way to bound the mixing time of Markov chains. Consider two independent Markov chains = ∞ X X ( ) k 0 and = ∞ Y Y ( ) k 0 , with the same transition matrix P. Then, define the coupling time K as the smallest k such that X k = Y k , that is, K = min k≥0 {X k = Y k }. Note that K is a random variable and it depends on P as well as the initial distributions of the processes X and Y. Finally, define the quantity L as the maximum expected coupling time of a Markov chain with transition matrix P over all possible initial distributions of the processes X and Y, i.e.,
In words, L is the maximum expected time it takes for two random walks, with the same transition matrix and arbitrary initial states, to intersect. If X starts from a distribution π, and Y from some other arbitrary stochastic vector v, we couple the processes Y and X by defining a new process W such that
The key insight of the coupling method is that W k is identically distributed to X k ; this follows by conditioning on the events K ≤ k and K > k. Therefore, questions about the distribution of X k can be solved by considering W k instead.
By starting the chain X k in the stationary distribution, these considerations imply that
because if K ≤ k then W k = Y k ; for more details, see Lindvall 44 . Thus, it follows by the Markov inequality that www.nature.com/scientificreports www.nature.com/scientificreports/ Setting k = 2[K] implies that ∥v′P k − π∥ TV ≤ 1/2. Thus, it follows that after T = O(Llog(1/ε)) steps, it holds that ∥v T P T − π∥ 1 ≤ ε, for any v, and π being the stationary distribution of the Markov chain. Since ||p − q|| TV = (1 /2)||p − q|| 1 31 , the same applies to the quantity ∥v′P k − π∥ 1 . The coupling method is the primary technical tool we use in this work. In Supplementary Note 3, we use the coupling method to bound the convergence time of Eq. (1) in terms of the coupling times on the underlying social network and on the logic constraint graph. Because coupling time over the Kronecker product is, up to a multiplicative constant, the maximum of the coupling times, this allows us to analyze the effect of the social network and logic constraint graph on convergence time separately.
